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Figure 1: Adversarial Example
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2.2 Adversarial Variational Embedding for Robust Semi-supervised Learn-
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Figure 2: #2

2.3 Semantic Adversarial Network for Zero-Shot Sketch-Based Image Re-
trieval
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Figure 3: #3

24 CATEGORICALREPARAMETERIZATION WITH GUMBEL-SOFTMAX
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Figure 2: Gradient estimation in stochastic computation graphs. (1) Vg f(x) can be computed via
backpropagation if x:(f) is deterministic and differentiable. (2) The presence of stochastic node
z precludes backpropagation as the sampler function does not have a well-defined gradient. (3)
The score function estimator and its variants (NVIL, DARN, MuProp, VIMCO) obtain an unbiased
estimate of Vi f(2) by backpropagating along a surrogate loss f log pg(2), where f = f(x) — b and
b is a baseline for variance reduction. (4) The Straight-Through estimator, developed primarily for
Bernoulli variables, approximates Vg2 ~ 1. (5) Gumbel-Softmax is a path derivative estimator for
a continuous distribution y that approximates 2. Reparameterization allows gradients to flow from
f(y) to 6. y can be annealed to one-hot categorical variables over the course of training.
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